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Abstract — Underwater navigation is particularly challenging 
due to the fact that a number of navigation aids, such as GPS and 
similar, are not available. In order to accurately estimate a 
UUV’s position at any time during a mission, we are relying on 
acoustic communication between the UUV and a network of 
surface platforms at known locations (reference points). By using 
the acoustic modems and a model of the environment, the 
acoustic wave travel time from the UUV to the reference points 
can be measured and converted into a distance. These distance 
measurements are then used by a tracking algorithm to improve 
the UUV positioning accuracy. In previous work [1], a tracking 
algorithm based on the Unscented Kalman Filter (UKF) was 
developed presenting satisfactory results. As part of the UUV 
tracking model, the drift caused by the ocean current was 
modeled as a random walk and is part of the state of the system. 
Based on predictions for the ocean current made by different 
UUVs at different times, a consensus algorithm was developed 
[2]. The knowledge of the ocean current provided by the 
consensus algorithm is then used to improve the UUV 
positioning. The developed algorithms were initially tested using 
synthetic data. To validate the simulation results, the algorithms 
were applied to data collected during sea tests that took place in 
Monterey Bay in August, 2015 
Keywords—underwater navigation systems; acoustic modems; 
unscented Kalman filter; consensus algorithm. 
I. INTRODUCTION
Underwater navigation typically relies on automatic dead 
reckoning, gathering information from several sensors. Some 
systems depend upon accurate, expensive inertial sensors and 
others rely on simple magnetic compasses and speed estimates. 
Independent of how complex the system is, errors accumulate 
over time and may lead to unacceptable position uncertainties. 
Therefore, a position update from an external reliable source is 
required. 
Different approaches to provide such a reliable update have 
been proposed over the years, including Short BaseLine (SBL), 
Long BaseLine (LBL), Ultra-Short BaseLine (USBL), GPS 
Intelligent Buoys (GIB), or some hybrid system based on these 
approaches [3]-[5]. All of those systems make use of acoustic 
signal travel time measurements to estimate the distance and, 
in some systems, the bearing from the underwater vehicle to 
reference points located on the surface or on the sea floor. 
Those systems are reliable when the depth being explored is on 
the order of or larger than the horizontal distances between the 
acoustic nodes such that direct path propagation can be 
assumed. This approach is also accurate when operating in 
extremely shallow environments (e.g., harbors) where the 
leading edge of the pulse dominates the arrival amplitude. 
Estimation of horizontal distances in moderately shallow 
water, where the horizontal distances between acoustic nodes 
is, for example, 2-10 time the waveguide depth, is a difficult 
task mainly due to the multipath nature of the propagation. 
Multiple arrivals reach the receiver at different times by 
different propagation paths, making it difficult to estimate 
accurately the travel time of the acoustic signals and, 
consequently, the distance. Some of the systems described 
earlier are able to account for the refraction of the sound waves 
when the sound speed profile is available, but none of them 
provides a solution to treat the errors caused by the multipath 
in their distance estimations. 
Due to their relative low cost, compact design, and 
reliability, we are relying on battery powered DSP-based 
acoustic modems that make use of acoustic communication 
protocols to measure the acoustic wave travel time from an 
unmanned underwater vehicle (UUV) to reference points at 
known locations. Travel time measurements are computed by 
cross-correlating (or matched filtering) the received signal 
(“echo”) with a replica of the transmitted signal. The two-way 
travel time can then be estimated from the time lag where the 
peak in the cross-correlation (or matched filter output) occurs. 
This approach has been extensively studied [6]-[8]. 
The challenge is to develop an accurate estimate of the 
distance based on the travel time. In an environment where the 
speed of propagation is approximately constant, the distance 
can be estimated by a simple multiplication of the one-way 
travel time (half of the two-way travel time) and the 
characteristic medium sound speed. However, in underwater 
acoustic propagation, the sound speed varies spatially, making 
the simple multiplication a rough estimate. 
Based on the travel times measured by the acoustic 
modems, we developed an algorithm to take into account the 
multipath and the refraction of the sound waves when 
estimating distances underwater. This algorithm makes use of a 
ray tracing code to model the environment and an iterative 
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routine to match measurements with synthetic predictions. The 
whole process is designed to take just a few seconds to 
converge to a solution, making it appropriate for real-time 
applications. 
After determination of the range between the source 
(located on the UUV) and multiple reference points, each 
obtained at different times, a tracking algorithm was employed 
to estimate the UUV position. In previous work [1], a tracking 
algorithm based on the Unscented Kalman Filter (UKF) was 
developed presenting satisfactory results. To account for the 
drift in the UUV trajectory caused by the ocean current, it was 
modeled as a random walk and was part of the state of the 
system. In a scenario described as a multi-UUV centralized 
network, predictions for the ocean current coming from 
different UUVs are concentrated in the command center, where 
an algorithm processing this data was developed to establish a 
consensus current. The knowledge of the ocean current 
provided by the consensus algorithm can then be used to 
improve the UUV positioning. 
II. IMPROVED RANGE ESTIMATION BY ACOUSTIC CHANNEL 
MODELING 
A. Two-way travel time measurements 
In this work, Teledyne-Benthos ATM-900 series acoustic 
modems have been used. The modems have a built-in ranging 
routine that makes use of a Doppler tolerant waveform (HFM 
pulse) to estimate the acoustic travel time. The HFM pulse has 
the following basic characteristics: 50 ms duration, 9 to 14 kHz 
bandwidth.  
The basics of the Teledyne-Benthos built-in ranging routine 
can be described as follows. Consider a situation where two 
stationary modems are separated by the slant range R, and 






Figure 1. Teledyne-Benthos Ranging Routine (adapted from [9] ) 
 
 
Initially, modem-1 transmits via MFSK (multiple 
frequency shift keying) a utility package to modem-2 
proceeded by an HFM pulse, recording the time when the 
routine starts tB. With the help of a matched filter in modem-2, 
the incoming signal is detected and an estimate for the time of 
arrival is made based on the highest peak in the matched filter 
output. Modem-2 then replies to the range request after a 
known time delay 
D
τ , sending an MFSK message (“echo”) 
containing the time delay (and other information unrelated to 
range estimation) preceded by an HFM pulse. Modem-1 now 
estimates the time of arrival tE from the highest peak in the 
matched filter output. From the time difference between tE  
and tB (minus Dτ ), the two-way travel time is estimated by 
modem-1 according [9], [10].  
The one-way travel time (tm) is just half of the two-way 
travel time.  It is worth noting that if the acoustic propagation 
between the two nodes were dominated by a direct path, 
corresponding to the shortest propagation path, then the 
highest peak in the matched filter would provide a very good 
estimate of the slant range (possibly neglecting a minor 
correction due to path curvature). Of interest in the shallow 
water environment being discussed here are geometries in 
which the dominant propagation path is not a direct path. 
 
B. Acoustic channel modeling and impulse response 
estimation 
 
Sound speed profile, bathymetry characteristics and bottom 
properties can be easily incorporated into a propagation model 
using a ray tracing algorithm.  Considering a single source and 
receiver, the formulation of the ray theory in the time domain 
permits a fast assessment of the ideal acoustic channel complex 
impulse response (amplitude and phase of the eigenrays) [11] 
[12]. The ideal complex impulse response can then be used to 
construct the synthetic received signal. Following [13], the 
synthetic received signal is 
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where , , and
m mR I m
A A τ  are the real component of the 
complex amplitude, the imaginary component of the complex 
amplitude, and travel time of the mth eigenray, respectively. M 
is the total number of contributing eigenrays, ( )x t  represents 
the transmitted signal and  ˆ( )x t  is the Hilbert transform of the 
transmitted signal. 
Assuming that the transmitted waveform autocorrelation 
has an impulse-like behavior, we can consider the matched 
filter output as the impulse response estimator for the acoustic 
channel [14]. Therefore, matched filtering the signal 
constructed using Equation (1) (after filtering to baseband) can 
produce a prediction for the channel impulse response (Figure 
2b). We shall denote the time of the highest peak tp. 
In section II-A, it was seen that the one-way travel time (tm) 
calculated by the Teledyne-Benthos acoustic modems is based 
on the time of the highest peak in the matched filter output. 
The predicted channel impulse response can then be used 
iteratively (adjusting the horizontal range) to match the 
measured channel impulse response (measured by the acoustic 
modems) with one caveat: instead of trying to match the entire 
time series, only the arrival with the highest amplitude will be 
matched (section II-A).  
This approach is fast enough to run on dedicated hardware 
in real time.  It yields a more accurate estimate of the range 
than just a multiplication of the one-way travel time with the 
characteristic medium sound speed.  Residual errors will be 
small enough to be handled by our tracking algorithm. 
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To save memory, the modem did not record the complete matched filter output time series. 
For this reason, the time axes are different on these plots. Nevertheless, the numbers 
indicated on (a) are still valid to calculate the time difference between the first and the 
second arrival. 
Figure 2. (a): Measured Channel Impulse Response, (b): Predicted Channel 
Impulse Response 
III. TRACKING ALGORITHM 
The basis for the development of the tracking algorithm is 
to define, as accurately as possible, the state and measurement 
equations. Assuming that the UUV’s speed through the water 
(V), pitch (ϕ), heading (θ) and depth (d) are known, a 
coordinate system where latitude and longitude are mapped to 
Cartesian coordinates can be built and a kinematic model 
derived. 
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where cx and cy represent the velocity of the current in x and y 
directions, respectively. 
After discretization assuming a suitable sampling interval 
Δt, the standard discrete time state equation can be written as 
 ( ) ( ) ( )  ( )t t t t t t+ Δ = Δ Δ
G
F
x I + A x + B u  . (3) 
This leads to a discrete time signal model (state equation) as 
 ( ) ( ) ( ) ( ) ( ) ( )1k k k k k k+ = +x F x + G u υ  . (4) 
Measurement equation: Assuming that the horizontal far-
field beam pattern of the acoustic transducer is nearly 
omnidirectional, every measurement represents a circle of 




















Figure 3. Measurement model 
In Figure 3, (xr,yr,zr) are the coordinates of the reference 
point, (x,y,d) are the coordinates of the UUV, r is the 
horizontal range, rd is the slant range, and d is the UUV depth. 
From Figure 3b, it is noted that 
 ( ) ( )2 2 2r rx x y y r− + − = ,           (5) 
where ( )22
d r
r r d z= ± −  is the distance in the horizontal 
plane. 
Expanding and rearranging Equation (5) yields 
 2 2 2 2 22 2r r r rr x y x xx yy y− − = − − + .          (6) 
Equation (6) may be written as 
 ( ) ( )[ ]z h ,k k k= x ,            (7) 
where 
- ( ) ( ) ( )2 22z ( ) r rk r k x k y k= − −  is the observation, which 
combines range measurements with knowledge of reference 
point locations; 
- ( )[ ] ( ) ( ) ( ) ( ) ( ) ( )2 2h , 2 2
r r
k k x k x k x k y k y k y k= − − +x  is 
a non-linear function.  
With the addition of noise, the measurement equation takes 
its final form of 
 ( ) ( )[ ] ( )z h ,k k k k= + ωx . (8) 
At this point, we have a linear state Equation (4) and a non-
linear measurement Equation (8). Those equations are the basis 
for our tracking algorithm using UKF [1]. 
IV. CONSENSUS CURRENT ALGORITHM 
Let us consider a scenario of  multiple UUVs navigating in 
an area where multiple reference points at the surface are 
available. The assets at the surface are able to share 
information collected from the UUVs with a shore-based 
command center. 
After a certain time underwater, the UUVs are able to 
update their position without going to the surface by running 
the KF-based algorithm. During this process, when a 
measurement to a surface asset is taken, the UUV may transmit 
its prediction for the ocean current and associated uncertainty.  
This information is then transmitted, by the surface asset, to 
the shore command center using satellite communication. The 
command center will receive the information about the ocean 
current coming from different UUVs at different times and will 
need to solve a recursive problem to find the consensus current. 
The tracking algorithm, running on the UUVs, is able to 
make predictions for ocean current in x and y directions, as 
well as predict the associated covariance. We can select part of 

















c P ,           (9) 
where 
 - c  is the ocean current vector and 
c
P  is the associated 
covariance matrix;  
- 2
x
σ  is the covariance in x, 2
y
σ  is the covariance in y, and 
xy yx
σ σ=  is the cross-covariance. 
Note that the covariance matrix is symmetric. An important 
property of symmetric matrices is that the eigenvalues ( λ ) are 
real and the eigenvectors ( Ψ ) are orthogonal to each other 
[16]. Eigenvalues and eigenvectors of a covariance matrix may 
be geometrically interpreted as follow: 
-  Eigenvectors are orthogonal unit vectors that represent the 
axis of a confidence ellipse for which the center is the mean 
(c); 
-  Eigenvalues are real numbers representing the length of the 
ellipse axes (see Equation (10) and Figure 4).  
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ζ is a scaling factor to attribute a certain percentage to the confidence ellipse, for 
example, for a 95% confidence ellipse (considering normally distributed data) ζ = √5.991. 
Figure 4. Ellipse Representing a Confidence Interval Around the Mean c 
According to Equation (10).  
We can say that the eigenvector associated with the smaller 
eigenvalue points to the direction with smaller variation around 
the mean (or points to a more reliable region). From Equation 
(10) and Figure 4, the eigenvector associated with the smaller 
eigenvalue is 









H   .                                 (11) 
The eigenvector H  may be used to reduce the amount of 
data transmitted by the UUV, while still carrying information 
about the uncertainty associated with the prediction for the 
ocean current. This may be done by writing 










cH .                      (12) 
The UUV may now transmit only two real numbers (the 
angle θ  and the quantity y) instead of five real numbers as in 
Equation (9). The command center will receive y and H from 
different UUVs at different times will have to solve recursively 
for ( )c k , using the relationship 
            ( ) ( ) ( )y k k k= c H .                                  (13) 
Equation (13) may be thought of as being a measurement 
and the following state space representation may be used 
        
( ) ( ) ( )
( ) ( ) ( ) ( )
1 ( )
y ,
k k k k






                       (14) 
where ( )kF  is the identity matrix and the noises ( )kυ and 
( )kω  are assumed to be zero mean, white (i.e., uncorrelated) 
Gaussian processes. 
The ocean current ( )kc  in Equation (14) may be solved 
using the Kalman equations. When the predictions for the 
current converge to a steady-state value, we have the consensus 
current (CC). The CC can be broadcast to all UUVs to be used 
in their tracking algorithms. 
 
 
V. SEA TESTS 
In a one-week sea test, two Liquid Robotics Wave Glider 
unmanned surface vehicles (USVs) named Mako and Tiburon, 
a Command Ship (NOAA R/V Fulmar), and an Exocetus 
Littoral Glider (UUV) named LG16, all equipped with 
Teledyne-Benthos acoustic modems, were employed to obtain 
such tracking data. The objective of the sea test was to evaluate 
the algorithm’s ability to track the UUV using the built-in 












Figure 5.  Sea test mission 
The built-in ranging routine makes use of HFM pulses and 
matched filters to estimate the travel times between the UUV 
and the surface assets equipped with the same type of modem. 
Through GPS measurements, each of the surface assets are at 
known locations.  The travel times measured by the Benthos 
modems were converted to ranges by matching the impulse 
responses as described in section II. These ranges were then 
used as inputs into the tracking algorithm.  
A. Tracking Results 
During the sea tests, several one-hour missions were 
successfully conducted. For each mission, the UUV navigation 
system recorded its position predictions and, because of its 
simplicity, errors of the order of 500 meters and above were 
observed between the final UUV predicted position and its 
GPS location, measured soon after it surfaced. In parallel, 
several travel time measurements between the UUV and the 
other assets were successfully recorded (Figure 6). 
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Figure 6.  Distance Measurements between the assets  
For this particular mission (Figures 6 and 7), tracking by 
dead reckoning yielded errors of the order of 750 meters. The 
proposed tracking algorithm was tested and the results show a 
more accurate predicted position for the entire UUV trajectory.  
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GPS Fix at the end of the mission




Figure 7.  UUV Navigation system and GPS fix at the end of the mission  
When a rough estimate for the range is used (multiplication 
of the one-way travel time by the characteristic medium sound 
speed) errors around 52 meters were observed at the end of the 
mission (Figure 9). While this is an improvement, it does not 
account for the multipath effects of the propagation. 
When the more complete algorithm described in Section II 
is used, the tracking algorithm produces no apparent error at 
the end of the mission (although there are uncertainties 
associated with this prediction represented by the associated 
covariance matrix). This indicates that correlating the 
measured impulse response of the channel with a ray trace 
prediction provided an improvement in the tracking accuracy. 



















Figure 8. Tracking Results 
 




















Ranges Estimated Modeling the Environment
Confidence Ellipse Around the Last Estimated Position
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Figure 9. Tracking Results when Processing the Distances Estimated 
Modeling the Environment and when Processing the Distances Roughly 
Estimated 
 
B. Consensus Current 
Let us consider a situation in which a UUV has previous 
knowledge of the ocean current. We could imagine the 
scenario where a fleet of UUVs is able to transmit to the 
Command Center (via surface assets) their predictions for the 
current, and the Command Center (running the consensus 
current algorithm) broadcasts back to the UUVs the CC. As an 
example, let us consider the data from Section V.A. 
When the mission is started, the UUV knowing the CC, 
initializes its tracking algorithm with this information. As the 
first measurement did not happen until the middle of the 
mission (Figure 6), the initial predictions considering previous 
knowledge of the current may be improved. As can be seen in 
Figure 10, comparing the black and the green curves before the 
first measurement, the non-smoothed tracking in green is more 
consistent with the final result (smoothed trajectory in red) than 
the black curve where no previous knowledge of the current 
was assumed.  
For this particular case, due to the geometry involved 
(relative position of the UUV and the surface assets) and due to 
the limited number of measurements, the final result was not 
affected by the initial assumption for the current. In a different 
scenario, however, the initial knowledge of the current may 
improve the overall performance of the tracking algorithm or, 
at least, provide a faster convergence to the true trajectory. 
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Figure 10.  Tracking Considering a Previous Knowledge of the Ocean Current 
 
VI. CONCLUSIONS AND FUTURE WORK 
Results of the sea tests confirm that the developed tracking 
algorithm, based on the Kalman Filter and incorporating range 
estimates from acoustic modems, is able to improve the 
navigation accuracy of underwater vehicles. 
Results showed that previous knowledge of the current may 
improve the tracking, mainly in the portion where few 
measurements are available 
An important aspect to be examined in the future is the 
inclusion of the transmitter and receiver beam patterns in the 
predicted impulse response modeling. This may provide more 
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